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METHOD AND SYSTEM FOR PROCESSING
SPEECH SIGNAL

CROSS REFERENCE TO RELATED
APPLICATION

The present disclosure claims the benefit of and is a
continuation of U.S. application Ser. No. 16/698,536, filed
on Nov. 27, 2019, which claims the benefits of priority to
Chinese application number 201811457674.9, filed Nov. 30,
2018, both of which are incorporated herein by reference in
their entireties.

BACKGROUND

In recent years, with the application of deep learning
technologies, speech recognition systems based on deep
neural networks have been greatly improved in performance
and are gradually becoming practical. Speech input, speech
transcription, speech retrieval, speech translation and the
like based on speech recognition have been widely used. An
acoustic model is a core module of speech recognition
systems and is also a research hotspot at present. According
to statistics, the process of decoding a speech signal by an
acoustic model consumes the most computing resources in
the whole decoding process. Therefore, it is an important
technical requirement to reduce the computational cost of
the acoustic model.

SUMMARY OF THE DISCLOSURE

Embodiments of this disclosure provide a speech process-
ing method and apparatus, which can improve the compu-
tational efficiency of an acoustic model and improve the
recognition efficiency of speech recognition while ensuring
the accuracy of output from the acoustic model.

Embodiments of the disclosure provide a method for
processing a speech signal. The method can include: pro-
cessing the speech signal to generate a plurality of speech
frames; generating a first number of acoustic features based
on the plurality of speech frames using a frame shift at a
given frequency; and generating a second number of pos-
teriori probability vectors based on the first number of
acoustic features using an acoustic model, wherein each of
the posteriori probability vectors comprises probabilities of
the acoustic features corresponding to a plurality of model-
ing units, respectively.

Embodiments of the disclosure also provide an apparatus
for processing a speech signal. The apparatus can include: a
memory storing a set of instructions; and at least one
processor configured to execute the set of instructions to
cause the apparatus to perform: processing the speech signal
to generate a plurality of speech frames; generating a first
number of acoustic features based on the plurality of speech
frames using a frame shift at a given frequency; and gen-
erating a second number of posteriori probability vectors
based on the first number of acoustic features using an
acoustic model, wherein each of the posteriori probability
vectors comprises probabilities of the acoustic features
corresponding to a plurality of modeling units, respectively.

Embodiments of the disclosure further provide a non-
transitory computer readable medium that stores a set of
instructions that is executable by at least one processor of a
computer system to cause the computer system to perform a
method for processing a speech signal. The method can
include: processing the speech signal to generate a plurality
of speech frames; generating a first number of acoustic
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features based on the plurality of speech frames using a
frame shift at a given frequency; and generating a second
number of posteriori probability vectors based on the first
number of acoustic features using an acoustic model,
wherein each of the posteriori probability vectors comprises
probabilities of the acoustic features corresponding to a
plurality of modeling units, respectively.

BRIEF DESCRIPTION OF THE DRAWINGS

In order to illustrate the technical solutions in embodi-
ments of this disclosure or the prior art more clearly, the
accompanying drawings to be used in the descriptions of the
embodiments or the prior art will be briefly introduced
below. It is apparent that the accompanying drawings in the
following descriptions are merely some embodiments dis-
closed in this disclosure. Those of ordinary skill in the art
can also obtain other accompanying drawings according to
these accompanying drawings without creative efforts.

FIG. 1 is a schematic diagram of an exemplary speech
processing method, according to some embodiments of the
disclosure.

FIG. 2 is a flowchart of an exemplary speech processing
method, according to some embodiments of the disclosure.

FIG. 3 is a flowchart of an exemplary method for obtain-
ing an acoustic model, according to some embodiments of
the disclosure

FIG. 4 is a block diagram of an exemplary speech
processing apparatus, according to some embodiments of
the disclosure.

DETAILED DESCRIPTION

In order to make those skilled in the art better understand
the technical solutions in this disclosure, the technical solu-
tions of this disclosure will be clearly and completely
described below with reference to the accompanying draw-
ings in embodiments of this disclosure. It is apparent that the
embodiments described are merely some of, rather than all,
the embodiments of this disclosure. All other embodiments
obtained by those of ordinary skill in the art based on
embodiments in this disclosure without creative efforts
should be encompassed in the protection scope of this
disclosure.

It should be noted that the terms ““first,” “second,” and the
like in the specification, claims and drawings of the disclo-
sure are used to distinguish similar objects, but not neces-
sarily to describe a particular order or sequence. It should be
understood that such terms used can be interchanged under
appropriate circumstances, so that the embodiments of the
present disclosure described here can be implemented in an
order different from those illustrated or described here. In
addition, the terms “comprise/include” and “have” as well as
any variations thereof are intended to cover non-exclusive
inclusion. For example, a process, method, system, product
or device including a series of steps or units need not be
limited to the steps or units clearly listed but may include
other steps or units not clearly listed or inherent to the
process, method, product or device.

Acoustic features extracted from each speech frame in a
speech signal are the input to the acoustic model. The
acoustic model can be configured to generate posteriori
probability vectors based on acoustic features. The acoustic
features of each speech frame theoretically correspond to a
modeling unit. The modeling unit may include, for example,
one of a phone state (state), a context-based state (CD-state),
a phone, and a context-based phone (CD-phone). The mod-
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eling unit may be associated with initials, finals, and the like
of a speech signal. Therefore, the output from the acoustic
model is a posteriori probability distribution of the acoustic
features of the speech frame relative to a plurality of preset
modeling units. As such, the input acoustic features can be
converted into a plurality of posterior probability distribu-
tions, which can then be decoded in combination with a
language model to obtain a recognition result of the speech
signal. For example, a typical Chinese character usually lasts
for 100 ms to 200 ms, and speech frames associated with the
Chinese character may include 10 frames to 20 frames.
Then, if a speech signal corresponding to a Chinese char-
acter is processed in the above manner, the acoustic model
is required to perform 10-20 calculations corresponding to
the 10-20 frames. Therefore, the acoustic model can con-
sume a lot of computing resources to process a speech
signal.

When compared to conventional methods, the embodi-
ments of the disclosure provide an acoustic model with a
lower computational cost.

To facilitate the understanding of embodiments of this
disclosure, a technical environment for implementing the
technical solutions is described below.

Based on the requirement for reducing the computational
cost of the acoustic model, a lower frame rate (LFR)
algorithm can be used. In the LFR algorithm, acoustic
features of a plurality of adjacent speech frames can be input
into the acoustic model based on the strong correlation
between adjacent speech frames. The acoustic model can
determine an average posterior probability distribution for
the plurality of acoustic features relative to a plurality of
preset modeling units based on the acoustic features of the
plurality of adjacent speech frames. In general, a single
speech frame can last for 10 ms, and three consecutive
speech frames (that is, 30 ms) can be input each time based
on the LFR algorithm. As such, the calculation of the
acoustic model can be reduced to one third of the original
calculation amount. However, if more speech frames (e.g.,
four or more) is to be input each time, an output result of the
acoustic model has relatively low accuracy. This is because
different speech frames are not exactly the same in spite of
the correlation between adjacent speech frames. Also, a
larger number of input speech frames produce a greater
difference accordingly. Therefore, it is difficult to train the
acoustic model to allow the acoustic model to process
acoustic features corresponding to more speech frames each
time while ensuring relatively high accuracy of the output
from the acoustic model.

Embodiments of the disclosure provide a method, so that
the acoustic model can process acoustic features correspond-
ing to more speech frames each time, while relatively high
accuracy of the output from the acoustic model can be
ensured.

The speech processing method provided in the embodi-
ments of this disclosure is described below through a
specific application scenario with reference to FIG. 1.

FIG. 1 is a schematic diagram of an exemplary speech
processing method, according to some embodiments of the
disclosure. As shown in FIG. 1, the acoustic model can be
completed by training based on the LFR algorithm and
multi-frame prediction (MFP) algorithm, and three consecu-
tive acoustic features can be processed each time based on
each of the LFR algorithm and the MFP algorithm. There-
fore, the acoustic model can process acoustic features cor-
responding to nine consecutive speech frames each time.
The acoustic model may be trained by a deep neural net-
work. In some embodiments, training samples can be
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labeled to supervise the training process of the acoustic
model. The labels may include the average modeling prob-
ability vector shown in FIG. 1. The average modeling
probability vector may be obtained by calculation according
to modeling probability vectors corresponding to a plurality
of acoustic features. For example, in FIG. 1, the acoustic
features numbered 1-9 can be classified into three acoustic
feature sequences. The first acoustic feature sequence can
include the acoustic features numbered 1, 2, 3. The three
acoustic features numbered 1, 2, 3 correspond to the mod-
eling units a, 0, e, respectively, which correspond to the first
three finals in a table of finals. Then, modeling probability
vectors respectively corresponding to the acoustic features
numbered 1, 2, 3 can be expressed as [1,0, 0,0, ... ], [0,
1,0,0,...]and [0, 0, 1,0, ... ]. An average modeling
probability vector of the three modeling probability vectors
corresponding to the acoustic feature sequence 1 can be
labeled as “Label 1.” Similarly, the acoustic features num-
bered 4-9 can be classified into the other two acoustic feature
sequences, which can be further labeled as “Label 2 and
“Label 3.” After Labels 1, 2 and 3 are acquired, the acoustic
model can be trained by using the 9 acoustic features as the
input and the labels 1, 2 and 3 as supervision information.

Therefore, the computational efficiency of the acoustic
model can be greatly improved in the practical application of
the acoustic model. For a speech signal with 900 speech
frames, 300 computations are required according to the
conventional LFR algorithm and MFP algorithm. However,
only 100 calculations are required for the method according
to embodiments of this disclosure.

The speech processing method in this disclosure is
described in detail below with reference to the accompany-
ing drawings. FIG. 2 is a flowchart of an exemplary speech
processing method, according to some embodiments of the
disclosure. Although this disclosure provides operation steps
of the method as described in the following embodiment or
the drawings, the method may include more or fewer opera-
tion steps. Where steps have no necessary causal relation-
ship logically, the sequence of execution of these steps is not
limited to the sequence of execution provided in the embodi-
ments of this disclosure. When the method is actually
executed in a speech processing process or apparatus, the
steps can be executed based on a method order shown in the
embodiment or the accompany drawing or can be executed
concurrently (for example, in a concurrent processor or a
multi-thread processing environment).

Embodiments of the disclosure provide a speech process-
ing method, as shown in FIG. 2. The method can be executed
by a computer system. The computer system can include a
memory storing a set of instructions and at least one pro-
cessor configured to execute the set of instructions to cause
the computer system to perform the speech processing
method. The method may include steps as below.

At step S201, a speech signal can be processed to generate
aplurality of speech frames. In some embodiments, a speech
signal can be divided into frames before the speech signal is
analyzed. In other words, the speech signal can be classified
into several segments, each of which is referred to as a
speech frame. The framing operation can be implemented by
using a move function, and there may be an overlapping part
between frames. If each speech frame has a length of 25
milliseconds and a frame shift is 10 milliseconds, there is an
overlap of (25-10=15) milliseconds between every two
speech frames. It is appreciated that the speech signal can
also be preprocessed before the speech signal is framed. The
preprocessing process may include silence removal, noise
removal, and other processing steps. For example, removal
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of silence at the end of a speech signal can reduce the
interference with subsequent steps.

At step S203, acoustic features corresponding to the
plurality of speech frames can be extracted respectively.

At step S205, a first number of the acoustic features can
be processed by using an acoustic model at a given frame
shift to acquire a second number of posteriori probability
vectors. The posteriori probability vectors can include prob-
abilities that the acoustic features correspond to a plurality
of preset modeling units respectively, and the acoustic model
can be obtained by training based on a combination of an
LFR algorithm and an MFP algorithm.

After the speech signal is framed at step S201, the speech
signal can be transformed into a plurality of small speech
frames. However, the speech signal is in the form of sound
waves, and therefore the waveform can be transformed into
a form that can be processed. In some embodiments, acous-
tic features of the speech signal can be extracted. A typical
acoustic feature extraction can be based on Mel Frequency
Cepstrum Coefficients (MFCCs). In the process of acoustic
feature extraction, the waveform of each speech frame can
be transformed into a multi-dimensional vector based on
MFCCs. The multi-dimensional vector can include content
information of the speech signal of the frame. It is appre-
ciated that the acoustic feature extraction may not be limited
to the MFCC and may also include many other manners. In
an example, after the acoustic features of the speech signal
are extracted, the speech signal can be transformed into a
matrix with M rows and N columns, where M is the number
of acoustic features and N is the total number of frames of
the speech signal.

After features of the plurality of speech frames are
extracted, the speech frames are transformed into a plurality
of acoustic features. In an example, 120 speech frames can
be generated after a speech is processed, and 120 acoustic
features can be generated after features of the 120 speech
frames are extracted. When the 120 acoustic features are
processed by using the acoustic model, which is based on a
low frame rate (e.g., the frame rate is 3), the 120 acoustic
features can be input into the acoustic model according to a
rule of inputting three acoustic features each time. In other
words, (120/3)=40 calculations are required. Correspond-
ingly, the acoustic model can generate 40 posterior prob-
ability vectors including probabilities that the acoustic fea-
tures correspond to a plurality of preset modeling units,
respectively. The modeling units may include one of a
phone, a context-based phone (CD-phone), a phone state
(state), and a context-based state (CD-state). For phones, the
pronunciation of a word can include one or more phones. A
set of phones commonly used in English is composed of 39
phones according to Carnegie Mellon University. Similarly,
a set of phones in the Chinese language can include 23
initials and 24 finals. A phone state is a more detailed
phonetic unit than a phone, and a phone usually can include
three phone states. In the process of speech recognition,
speech frames can be recognized into phone states, the
phone states can be combined into phones, and the phones
can be combined into words. In other words, if the modeling
unit of each speech frame can be accurately identified, a
result of speech recognition can be obtained. It is appreci-
ated that, the modeling units may also include other units
capable of expressing pronunciation states, which are not
limited in this disclosure.

In the process of acquiring the modeling unit correspond-
ing to the acoustic features of the speech frame, a posterior
probability of an acoustic feature corresponding to a mod-
eling unit can be determined. A higher posterior probability
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can indicate a higher probability of the speech frame cor-
responding to the modeling unit. To describe posterior
probabilities of different acoustic features corresponding to
different modeling units conveniently, posterior probability
vectors can be used. Compared with prior probabilities,
posterior probabilities can use more comprehensive data of
a natural state, e.g., including prior probability data and
supplementary data. Therefore, the posterior probabilities
have higher accuracy in information expression than prior
probabilities. In an example, in Chinese, 47 preset modeling
units can be defined, including 23 initials and 24 finals.
Thus, values of posteriori probabilities of an acoustic feature
belonging to the above 47 preset modeling units can be
different. Therefore, a posterior probability vector having 47
elements can be established to express the values of the
posteriori probabilities of the acoustic feature belonging to
the preset modeling units, respectively. In an example, a
posterior probability vector of an acoustic feature can be
[0.06,0,0,0.1 ...,0.4, 0.01.0.02].

In some embodiments of the disclosure, the acoustic
model can process acoustic features corresponding to more
speech frames each time. In the MFP algorithm, the acoustic
model can simultaneously process acoustic features corre-
sponding to M speech frames and acquire posterior prob-
ability vectors corresponding to the M acoustic features,
respectively. In other words, the acoustic model can acquire
M posterior probability vectors. However, generally, a value
of M has to be less than or equal to 3. In a neural-network-
based acoustic model, when more acoustic features are
input, differences between the acoustic features can be more
significant, and thus it is more difficult to tune network
parameters in the acoustic model. Therefore, it is also
difficult to expand the number of acoustic features processed
each time by the acoustic model based on the MFP algo-
rithm. In some embodiments of the disclosure, the LFR
algorithm and the MFP algorithm can be combined to
expand the number of acoustic features input into the
acoustic model.

In an example, based on the LFR algorithm, the acoustic
model can transform 3 acoustic features into 1 posteriori
probability vector each time. Based on the MFP algorithm,
the acoustic model can simultaneously predict 3 posteriori
probability vectors for 3 acoustic features each time. In some
embodiments, in combination with the LFR algorithm,
acoustic features in the MFP prediction algorithm can be
replaced with an acoustic feature sequence. The acoustic
feature sequence can include three acoustic features. As
such, the acoustic model can process 3x3=9 acoustic fea-
tures each time and output 3 posterior probability vectors.
Therefore, the method according to embodiments of this
disclosure can reduce the calculation amount of the acoustic
model to one third of the original calculation amount.

Embodiments of the disclosure further provide a method
for training an acoustic model. FIG. 3 is a flowchart of an
exemplary method 300 for obtaining an acoustic model,
according to some embodiments of the disclosure. Method
300 can be executed by a computer system. The computer
system can include a memory storing a set of instructions
and at least one processor configured to execute the set of
instructions to cause the computer system to perform
method 300 for obtaining the acoustic model. Method 300
can include steps as below.

At step S301, a plurality of historical speech signals can
be acquired. The historical speech signals can be retrieved
and stored in advance.
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At step S303, the plurality of historical speech signals can
be processed to generate a first number of acoustic features
based on a given frame shift.

At step S305, the first number of acoustic features can be
processed to generate a second number of acoustic feature
sequences. The acoustic feature sequences can include a
third number of adjacent acoustic features. A plurality of
modeling units can be further generated based on the third
number of adjacent acoustic features.

At step S307, average probability vectors of the second
number of acoustic feature sequences can be determined
according to the plurality of modeling units.

At step S309, the acoustic model can be trained using the
acoustic feature sequences and the average probability vec-
tors corresponding to the acoustic feature sequences.

In some embodiments of this disclosure, a plurality of
historical speech signals can be acquired as training data for
the acoustic model. Then, a plurality of acoustic features
corresponding to the historical speech signals and modeling
units corresponding to the plurality of acoustic features can
also be acquired. Then, the plurality of acoustic features
corresponding to the historical speech signals can be clas-
sified at such a frequency that a frame shift is the first
number, that is, the acoustic features are classified according
to the first number each time. The first number is a maximum
number of acoustic features that can be processed by the
acoustic model. As indicated in the above example, the
acoustic model can process 3x3=9 acoustic features each
time, and thus, the first number is 9 (e.g., as shown in FIG.
1). Because the LFR algorithm and the MFP algorithm each
have a processing capacity upper limit, the first number of
acoustic features processed each time can be further classi-
fied into the second number of acoustic feature sequences.
The acoustic feature sequences include a third number of
adjacent acoustic features. In the above example, the 9
acoustic features can be sequentially classified into 3 acous-
tic feature sequences, and the acoustic feature sequences
each can include 3 adjacent acoustic features.

In some embodiments of this disclosure, in the process of
training the acoustic model by deep learning, labels (e.g., the
labels 1, 2, 3 in FIG. 1) can be used for supervising the
training. In some embodiments of the disclosure, the first
number of acoustic features are used as the input to the
acoustic model, and the corresponding labels may include
average probability vectors of the second number of acoustic
feature sequences corresponding to the plurality of preset
modeling units. The average probability vectors are
described below through a specific example. The 9 acoustic
features that are input each time can be evenly classified into
3 acoustic feature sequences in order, and the acoustic
feature sequences each can include 3 adjacent acoustic
features. Then, a label corresponding to a single acoustic
feature sequence is an average probability vector of the 3
adjacent acoustic features corresponding to a plurality of
preset modeling units. For example, in Chinese characters,
the modeling units corresponding to the 3 adjacent acoustic
features can include “a,” “0,” and “e,” respectively, which
correspond to the first three finals in the Table of Finals.
Then, the probability vectors corresponding to the 3 adjacent
acoustic features can be expressed as [1,0,0,0,...],[0, 1,
0,0,...]and[0,0,1,0,...]. An average probability vector
of the three probability vectors is used as a corresponding
label of the single acoustic feature sequence. In this
example, three average probability vectors can be used as
the labels of the 9 acoustic features, and the acoustic model
is obtained by training in a deep learning manner.
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In some embodiments, in the process of training the
acoustic model in a deep learning manner, an acoustic model
can be constructed based on deep learning, and network
parameters can be set in the acoustic model. A neural
network used in the deep learning can include, but not
limited to, Deep Neural Networks (DNNs), Recurrent Neu-
ral Networks (RNNs), Long Short Term Memory (LSTM),
Feedforward Sequential Memory Networks (FSMNs), and
so on. In the process of training, the historical speech signals
can be input into the acoustic model according to a pattern
of inputting the second number of acoustic feature
sequences (i.e., the first number of acoustic features) each
time, and the second number of prediction probability vec-
tors can be acquired each time. Then, the network param-
eters can be adjusted iteratively based on differences
between the average probability vectors and the prediction
probability vectors, till the differences meet a preset require-
ment. It should be noted that the manner of training the
acoustic model is not limited to the above embodiments.

In an embodiment of the disclosure, as shown in FIG. 1,
the acoustic model can include a main neural network and a
plurality of mutually independent sub-neural networks
coupled with the main neural network. An input end of the
main neural network can function as an input end of the
acoustic model. And, an output end of the main neural
network is coupled to input ends of the plurality of sub-
neural networks, respectively. Accordingly, the plurality of
sub-neural networks can output a result of the acoustic
model.

The plurality of sub-neural networks is used to further
perform feature transformation on the output from the main
neural network, so that the acoustic model can be adapted to
the prediction of a plurality of mutually independent output
targets (e.g., the average probability vectors). In addition,
there are similarities between the average probability vectors
of the plurality of acoustic feature sequences, but there are
also some differences. Therefore, the plurality of sub-neural
networks can deal with the differences, reduce the influences
of the differences on the acoustic model, and enhance the
modeling capability of the acoustic model. Because the
complex main neural network can obtain highly discrimi-
native features in the acoustic features, the sub-neural net-
works can adopt some simple structures, such as a DNN
with 1-2 layers. As such, on the one hand, the modeling
capability of the acoustic model can be enhanced, and on the
other hand, it is unnecessary to increase the calculation
amount a lot.

In some embodiments of the disclosure, the plurality of
sub-neural networks each can have a structure of multiple
layers. Therefore, an output end of a last layer of the multiple
layers in a sub-neural network can be an output end of the
acoustic model. Because the plurality of sub-neural net-
works may have the structure of multiple layers, the acoustic
model can be further adapted to the prediction of a plurality
of mutually independent output targets (e.g., the average
probability vectors). Moreover, the plurality of sub-neural
networks can further reduce the influences of the differences
between the average probability vectors of the plurality of
acoustic feature sequences on the acoustic model and
enhance the modeling capability of the acoustic model. On
this basis, the number of acoustic features processed by the
acoustic model each time can be further extended, for
example, the first number is set to 12, 16, 18, 20, and the
like.

According to the speech processing method provided in
embodiments of this disclosure, an acoustic model in speech
recognition can be obtained by training based on a combi-
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nation of an LFR algorithm and an MFP algorithm. A
plurality of adjacent acoustic features can be processed by
each of the LFR algorithm and the MFP algorithm each time,
but in both algorithms, it is difficult to extend the number of
acoustic features processed each time due to differences
between the plurality of adjacent acoustic features. On this
basis, the LFR algorithm and the MFP algorithm can be
combined to realize a multiplicative extension of the single
processing capacity. Therefore, the speech processing
method provided in some embodiments of this disclosure
can greatly improve the computational efficiency of an
acoustic model and improve the recognition efficiency of
speech recognition while ensuring the accuracy of output
from the acoustic model.

Embodiments of the disclosure further provide a speech
processing apparatus. The apparatus can include a memory
storing a set of instructions and at least one processor
configured to execute the set of instructions to cause the
apparatus to perform the above method. For example, the
apparatus can be one of a mobile terminal, a computer, or a
similar computational unit. FIG. 4 illustrates a block dia-
gram of a speech processing apparatus 400, according to
some embodiments of the disclosure. As shown in FIG. 4,
apparatus 400 can include at least one processor 402. For
example, at least one processor 402 can include a processor
402a, a processor 4025, . . ., and a processor 402z. At least
one processor 402 can include, but is not limited to, an NPU
accelerator, a microprocessor MCU, a programmable logic
device FPGA, or other processing apparatuses. Apparatus
400 can also include a memory 404 configured to store data
(e.g., a set of instructions, intermediate data, and the like). In
addition to at least one processor 402 and memory 404,
apparatus 400 can further include a network interface 406
providing wired or wireless network connection and an
input/output (I/O) interface 408 coupled with peripheral
devices (e.g., a cursor control device, a keyboard, a display,
a camera, and the like). /O interface 408 can include at least
one of a Universal Serial Bus (USB) port, a peripheral
component interconnect express (PCI-E) port, and the like.

It is appreciated that at least one processor 402 and/or
other data processing circuits can be collectively referred to
as a “data processing circuit” in this context. The data
processing circuit may be embodied entirely or partially as
software, hardware, firmware or any other combination. In
addition, the data processing circuit may be a single inde-
pendent processing module or may be combined entirely or
partially into any one of other components of speech pro-
cessing apparatus 400.

Memory 404 can be configured to store a software pro-
gram and a module of an application (e.g., program instruc-
tions corresponding to the above speech processing
method). Memory 404 can include a high-speed random-
access memory or a non-volatile memory. In some embodi-
ments, memory 404 can further include memories remotely
disposed with respect to at least one processor 402. The
remote memories can be connected to at least one processor
402 through a network. Examples of the network include,
but are not limited to, the Internet, an intranet, a local area
network, a mobile communications network, and a combi-
nation thereof.

Network interface 406 is configured to receive or send
data through a network. Examples of the network can
include a wireless network provided. For example, network
interface 406 can include a Network Interface Controller
(NIC), which can be connected to other network devices
through a base station and is thus capable of communicating
with the Internet. As another example, network interface 406
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can be a Radio Frequency (RF) module, which is configured
to communicate with the Internet in a wireless manner.
The display can be, for example, a touch-screen liquid
crystal display (LCD). The LCD enables a user to interact
with a user interface of speech processing apparatus 400.
The above speech processing method according to
embodiments of this disclosure can be applied to electronic
devices having a speech processing function. The electronic
devices can be classified into the following categories
according to different data processing capabilities.

TABLE 1
Category Category Data processing
number name Exemplary device capability
1 Primary Internet of things Data collection and
network devices, edge node transmission
device devices
2 Simple Smart wearable Data collection,
network devices, POS (point transmission, and
device of sale) machines simple data
preprocessing
3 Intermediate Smart home Data collection,
network appliances, smart transmission, and
device speakers data preprocessing
with medium power
consumption
4 Intelligent Smart phones and Data collection,
network tablet computers with transmission, data
device good performance preprocessing with
high power
consumption, and
data query matching
5 High- Workstations, smart Data collection,
performance phone booths transmission, data
device preprocessing, data

query matching, and
data storage

The hardware of the primary network device is relatively
simple and can make a record through a microphone to
generate audio information. The generated audio informa-
tion can be sent to a server through a network communica-
tion module. The primary network device may include a
microphone, a network communication unit, a sensor, and a
loudspeaker. The primary network device may not be
capable of data processing. The primary network device may
also be provided with other sensors for collecting operating
parameters of the primary network device. For example, the
primary network device may be an Internet of things device,
an edge node device, and the like.

The simple network device may mainly include: a micro-
phone, a network communication unit, a processor, a
memory, a loudspeaker, and so on. The simple network
device enhances the data processing capability compared
with the primary network device. The simple network device
can have a processor capable of processing simple logical
operations. Therefore, after collecting data, the simple net-
work device can conduct preliminary preprocessing of the
data, such as generating a feature matrix based on audio
information. The simple network device can have a display
module with a simple display function, which can be used to
feed information back to the user. For example, the simple
network device can be a smart wearable device, a POS
machine, and the like. More particularly, the simple network
device can be a smart bracelet, a low-level smart watch,
smart glasses, or a settlement device (e.g., a POS machine)
in an offline shopping site, a mobile settlement device (e.g.,
a hand-held POS machine, a settlement module attached to
a handheld device), and the like.
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The intermediate network device may include a micro-
phone, a network communication unit, a processor, a
memory, a display, a loudspeaker, and the like. In the
intermediate network device, a clock speed of the processor
can be less than 2.0 GHz, the memory capacity can be less
than 2 gigabytes (GB), and the storage capacity can be less
than 128 GB. The intermediate network device can process
recorded audio information to a certain extent, such as
generating a feature matrix, and performing endpoint detec-
tion processing, noise reduction processing, speech recog-
nition, and the like on the feature matrix. For example, the
intermediate network device can include: a smart home
appliance in a smart home, a smart home terminal, a smart
speaker, an advanced smart watch, a low-level smart phone,
a vehicle-mounted intelligent terminal, and the like.

The intelligent network device may include a micro-
phone, a network communication unit, a processor, a
memory, a display, a loudspeaker, and the like. The intelli-
gent network device can have a strong data processing
capability. In the intelligent network device, a clock speed of
the processor can be less than 2.0 GHz, the memory capacity
can be less than 12 GB, and the storage capacity can be less
than 1 terabyte (TB). After a feature matrix is generated for
audio information, endpoint detection processing, noise
reduction processing, speech recognition, and the like can be
carried out. Further, the intelligent network device can also
generate speech feature vectors based on the audio infor-
mation. In some cases, the speech feature vectors can be
matched with user feature vectors to identify the user.
However, the matching is limited to a limited number of user
feature vectors, such as user feature vectors of family
members in a family. For example, the intelligent network
device can include smart phones, tablet computers, desktop
computers, laptop computers, and the like with good per-
formance.

The high-performance device may include a microphone,
a network communication unit, a processor, a memory, a
display, a loudspeaker, and the like. The high-performance
device can have a capability of processing large-scale data
and can also provide a powerful data storage capability. In
the high-performance device, a clock speed of the processor
can be more than 3.0 GHz, the memory capacity can be
greater than 12 GB, and the storage capacity can be more
than 1 TB. The high-performance device can generate a
feature matrix for audio information, perform endpoint
detection processing, perform noise reduction processing,
perform speech recognition, generate speech feature vectors,
and match the speech feature vectors with a large number of
stored user feature vectors. For example, the high-perfor-
mance device can be a workstation, a desktop computer with
high configuration, a Kiosk smart phone booth, a self-
service machine, and the like.

Certainly, only some clients are listed above by way of
examples. With the progress of science and technology, the
performance of hardware devices may be improved, so that
the above electronic device with a weak data processing
capability currently may later have a strong processing
capability. Therefore, the implementation modes hereinafter
refer to the content in Table 1 above for reference only and
do not constitute a limitation.

It is appreciated that the above types of hardware shown
in Table 1 can implement the above data update optimizing
method.

In addition to implementing the above method by using
computer readable program codes, the above method can
also be implemented in a form of a logic gate, a switch, an
ASIC, a programmable logic controller, and an embedded
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microcontroller. Therefore, such a controller may be con-
sidered as a hardware component, and apparatuses included
in the controller and configured to implement various func-
tions may also be considered as structures inside the hard-
ware component. Or, the apparatuses configured to imple-
ment various functions may even be considered as both
software modules configured to implement the method and
structures inside the hardware component.

This disclosure can be described in a general context of a
computer executable instruction executed by a computer, for
example, a program module. Generally, the program module
includes a routine, a program, an object, an assembly, a data
structure, a class and the like used for executing a specific
task or implementing a specific abstract data type. Embodi-
ments of the disclosure can also be implemented in distrib-
uted computing environments. In the distributed computing
environments, a task is executed by using remote processing
devices connected through a communications network. In
the distributed computing environments, the program mod-
ule may be located in local and remote computer storage
media including a storage device.

Based on the above descriptions of the implementation
modes, it is appreciated that the embodiments of this dis-
closure may be implemented by software as a software
product with a universal hardware platform. The computer
software product may be stored in a storage medium, such
as a ROM/RAM, a magnetic disk, or an optical disc, and
include several instructions that enable a computer device
(which may be a personal computer, a mobile terminal, a
server, a network device, or the like) to execute the method
in the embodiments or certain portions of embodiments of
this disclosure.

Embodiments in the disclosure are described progres-
sively, identical or similar parts of the embodiments may be
obtained with reference to each other, and each embodiment
emphasizes a part different from other embodiments. This
disclosure is applicable to various universal or dedicated
computer system environments or configurations, for
example, a personal computer, a server computer, a hand-
held device or a portable device, a tablet device, a multi-
processor system, a microprocessor-based system, a set top
box, a programmable electronic device, a network PC, a
minicomputer, a mainframe computer, and a distributed
computing environment including any of the above systems
or devices.

The embodiments may further be described using the
following clauses:

1. A method for processing a speech signal, comprising:

processing the speech signal to generate a plurality of
speech frames;

generating a first number of acoustic features based on the
plurality of speech frames using a frame shift at a given
frequency; and

generating a second number of posteriori probability
vectors based on the first number of acoustic features
using an acoustic model, wherein each of the posteriori
probability vectors comprises probabilities of the
acoustic features corresponding to a plurality of mod-
eling units, respectively.

2. The method according to clause 1, wherein generating
the second number of posteriori probability vectors
based on the first number of acoustic features further
comprises:

classifying, by the acoustic model, the first number of
acoustic features into the second number of acoustic
feature sequences, each having a plurality of adjacent
acoustic features; and
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generating, by the acoustic model, the second number of
posteriori probability vectors based on the second num-
ber of acoustic feature sequences, respectively.

3. The method according to clause 2, wherein the acoustic
model is trained by:

acquiring a plurality of stored speech signals;

generating a plurality of acoustic features and modeling
units corresponding to the plurality of acoustic features
based on the plurality of stored speech signals;

generating, based on the plurality of acoustic features, a
plurality of acoustic feature sequences, each having
adjacent acoustic features;

determining average probability vectors of the plurality of
acoustic feature sequences corresponding to the plural-
ity of modeling units, respectively; and

generating the acoustic model using the acoustic feature
sequences and the average probability vectors corre-
sponding to the acoustic feature sequences.

4. The method according to clause 3, wherein the acoustic
model is a deep neural network, wherein generating the
acoustic model by training using the acoustic feature
sequences and the average probability vectors corre-
sponding to the acoustic feature sequences further
comprises:

inputting the
sequences;

acquiring the second number of prediction probability
vectors; and
tuning network parameters of the acoustic model based on
a difference between the average probability vectors
and the prediction probability vectors.
5. The method according to any one of clauses 2-4,
wherein the acoustic model comprises a main neural
network and the second number of sub-neural networks
coupled with the main neural network.
6. The method according to clause 5, wherein an input end
of the main neural network functions as an input end of
the acoustic model, an output end of the main neural
network is coupled to input ends of the second number
of sub-neural networks, respectively, and output ends
of the second number of sub-neural networks functions
as an output end of the acoustic model.
7. The method according to clause 5 or 6, wherein each of
the sub-neural networks comprises a plurality of layers.
8. The method according to any one of clauses 3-7,
wherein the acoustic model is trained based on at least
one of a lower frame rate (LFR) algorithm and a
multiple frame prediction (MFP) algorithm.
9. An apparatus for processing a speech signal, compris-
ing:
a memory storing a set of instructions; and
at least one processor configured to execute the set of
instructions to cause the apparatus to perform:
processing the speech signal to generate a plurality of
speech frames;

generating a first number of acoustic features based on
the plurality of speech frames using a frame shift at
a given frequency; and

generating a second number of posteriori probability
vectors based on the first number of acoustic features
using an acoustic model, wherein each of the poste-
riori probability vectors comprises probabilities of
the acoustic features corresponding to a plurality of
modeling units, respectively.

second number of acoustic feature
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10. The apparatus according to clause 9, wherein gener-
ating the second number of posteriori probability vec-
tors based on the first number of acoustic features
further comprises:

classifying, by the acoustic model, the first number of
acoustic features into the second number of acoustic
feature sequences, each having a plurality of adjacent
acoustic features; and

generating, by the acoustic model, the second number of
posteriori probability vectors based on the second num-
ber of acoustic feature sequences, respectively.

11. The apparatus according to clause 10, wherein the
acoustic model is trained by:

acquiring a plurality of stored speech signals;

generating a plurality of acoustic features and modeling
units corresponding to the plurality of acoustic features
based on the plurality of stored speech signals;

generating, based on the plurality of acoustic features, a
plurality of acoustic feature sequences, each having
adjacent acoustic features;

determining average probability vectors of the plurality of
acoustic feature sequences corresponding to the plural-
ity of modeling units, respectively; and

generating the acoustic model using the acoustic feature
sequences and the average probability vectors corre-
sponding to the acoustic feature sequences.

12. The apparatus according to clause 11, wherein the
acoustic model is a deep neural network, wherein
generating the acoustic model using the acoustic fea-
ture sequences and the average probability vectors
corresponding to the acoustic feature sequences further
comprises:

inputting the
sequences;

acquiring the second number of prediction probability
vectors; and

tuning network parameters of the acoustic model based on
a difference between the average probability vectors
and the prediction probability vectors.

13. The apparatus according to any one of clauses 10-12,
wherein the acoustic model comprises a main neural
network and the second number of sub-neural networks
coupled with the main neural network.

14. The apparatus according to clause 13, wherein an
input end of the main neural network functions as an
input end of the acoustic model, an output end of the
main neural network is coupled to input ends of the
second number of sub-neural networks, respectively,
and output ends of the second number of sub-neural
networks functions as an output end of the acoustic
model.

15. The apparatus according to clause 13 or 14, wherein
each of the sub-neural networks comprises a plurality
of layers.

16. The apparatus according to any one of clauses 11-15,
wherein the acoustic model is trained based on at least
one of a lower frame rate (LFR) algorithm and a
multiple frame prediction (MFP) algorithm.

17. A non-transitory computer readable medium that
stores a set of instructions that is executable by at least
one processor of a computer system to cause the
computer system to perform a method for processing a
speech signal, the method comprising:

processing the speech signal to generate a plurality of
speech frames;

second number of acoustic feature
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generating a first number of acoustic features based on the
plurality of speech frames using a frame shift at a given
frequency; and

generating a second number of posteriori probability
vectors based on the first number of acoustic features
using an acoustic model, wherein each of the posteriori
probability vectors comprises probabilities of the
acoustic features corresponding to a plurality of mod-
eling units, respectively.

18. The non-transitory computer readable medium
according to clause 17, wherein generating the second
number of posteriori probability vectors based on the
first number of acoustic features further comprises:

classifying, by the acoustic model, the first number of
acoustic features into the second number of acoustic
feature sequences, each having a plurality of adjacent
acoustic features; and

generating, by the acoustic model, the second number of
posteriori probability vectors based on the second num-
ber of acoustic feature sequences, respectively.

19. The non-transitory computer readable medium
according to clause 18, wherein the acoustic model is
trained by:

acquiring a plurality of stored speech signals;

generating a plurality of acoustic features and modeling
units corresponding to the plurality of acoustic features
based on the plurality of stored speech signals;

generating, based on the plurality of acoustic features, a
plurality of acoustic feature sequences, each having
adjacent acoustic features;

determining average probability vectors of the plurality of
acoustic feature sequences corresponding to the plural-
ity of modeling units, respectively; and

generating the acoustic model using the acoustic feature
sequences and the average probability vectors corre-
sponding to the acoustic feature sequences.

20. The non-transitory computer readable medium
according to clause 19, wherein the acoustic model is
a deep neural network, wherein generating the acoustic
model by training using the acoustic feature sequences
and the average probability vectors corresponding to
the acoustic feature sequences further comprises:

inputting the second number of acoustic feature
sequences;

acquiring the second number of prediction probability
vectors; and

tuning network parameters of the acoustic model based on
a difference between the average probability vectors
and the prediction probability vectors.

Although this disclosure is described through embodi-
ments, those of ordinary skill in the art should know that this
disclosure has many variations and changes without depart-
ing from the spirit of this disclosure. It is expected that the
appended claims cover the variations and changes without
departing from the spirit of this disclosure.

What is claimed is:

1. A method for processing a speech signal, comprising:

obtaining a speech signal;

generating, using the speech signal, a first sequence of
feature vectors;

selecting, from the first sequence of feature vectors, a
second sequence of m*n consecutive feature vectors;

generating a third sequence of n intermediate vectors by
applying the second sequence to a first neural network
model, each intermediate vector corresponding to a
subsequence of m consecutive feature vectors in the
first sequence;
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generating a fourth sequence of n average probability
vectors by applying each of the n intermediate vectors
to a corresponding second neural network model; and
determining the phones in the second sequence using the
fourth sequence of n average probability vectors.
2. The method of claim 1, wherein
generating, using the speech signal, the first sequence of
feature vectors, comprises:
extracting speech subsets of the speech signal, a first
speech subset of the subsets having a first duration;
and
generating a first feature vector of the first sequence of
feature vectors by extracting features from the first
speech subset.
3. The method of claim 2, wherein:
wherein the speech subsets are overlapping, and the first
speech subset of the subsets has a first overlap.
4. The method of claim 2, wherein
the extracted features are based on Mel Frequency Cep-
strum Coefficients.
5. The method of claim 2, wherein
generating the first sequence of feature vectors further
comprises performing at least one of silence removal or
noise removal prior to extracting the speech subsets of
the speech signal.
6. The method of claim 1, wherein:
the average probability vectors comprise estimated aver-
ages of one-hot encoded phones.
7. The method of claim 1, wherein:
the first neural network model is trained based at least in
part on a lower frame rate algorithm.
8. The method of claim 1, wherein:
the second neural network models are trained based at
least in part on a multiple frame prediction algorithm.
9. A system for processing a speech signal, comprising:
at least one processor; and
at least one non-transitory, computer-readable medium
containing instructions that, when executed by the at
least one processor, cause the system to perform opera-
tions comprising:
obtaining a speech signal;
generating, using the speech signal, a first sequence of
feature vectors;
selecting, from the first sequence of feature vectors, a
second sequence of m*n consecutive feature vectors;
generating a third sequence of n intermediate vectors
by applying the second sequence to a first neural
network model, each intermediate vector corre-
sponding to a subsequence of m consecutive feature
vectors in the first sequence;
generating a fourth sequence of n average probability
vectors by applying each of the n intermediate vec-
tors to a corresponding second neural network
model; and
determining the phones in the second sequence using
the fourth sequence of n average probability vectors.
10. The system of claim 9, wherein:
the average probability vectors comprise estimated aver-
ages of one-hot encoded phones.
11. The system of claim 9, wherein:
the first neural network model is trained based at least in
part on a lower frame rate algorithm.
12. The system of claim 9, wherein:
the second neural network models are trained based at
least in part on a multiple frame prediction algorithm.
13. A non-transitory, computer-readable medium contain-

ing instructions that, when executed by at least one proces-
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sor of a system for processing a speech signal, cause the
system to perform operations comprising:
obtaining a speech signal;
generating, using the speech signal, a first sequence of
feature vectors;
selecting, from the first sequence of feature vectors, a
second sequence of m*n consecutive feature vectors;
generating a third sequence of n intermediate vectors by
applying the second sequence to a first neural network
model, each intermediate vector corresponding to a
subsequence of m consecutive feature vectors in the
first sequence;
generating a fourth sequence of n average probability
vectors by applying each of the n intermediate vectors
to a corresponding second neural network model; and
determining the phones in the second sequence using the
fourth sequence of n average probability vectors.
14. The non-transitory, computer-readable medium of
claim 13, wherein
generating, using the speech signal, the first sequence of
feature vectors, comprises:
extracting overlapping speech subsets of the speech
signal, a first overlapping speech subset of the over-
lapping subsets having a first duration and a first
overlap; and
generating a first feature vector of the first sequence of
feature vectors by extracting, from the first speech
subset, features based on Mel Frequency C ep strum
Coefficients.
15. The non-transitory, computer-readable medium of
claim 13, wherein
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generating the first sequence of feature vectors further
comprises performing at least one of silence removal or
noise removal prior to extracting the speech subsets of
the speech signal.
16. The system of claim 15, wherein
generating, using the speech signal, the first sequence of
feature vectors, comprises:
extracting speech subsets of the speech signal, a first
speech subset of the subsets having a first duration;
and
generating a first feature vector of the first sequence of
feature vectors by extracting features from the first
speech subset.
17. The system of claim 16, wherein:
wherein the speech subsets are overlapping, and the first
speech subset of the subsets has a first overlap.
18. The system of claim 16, wherein
the extracted features are based on Mel Frequency Cep-
strum Coefficients.
19. The system of claim 16, wherein
generating the first sequence of feature vectors further
comprises performing at least one of silence removal or
noise removal prior to extracting the speech subsets of
the speech signal.
20. The non-transitory, computer-readable medium of
claim 13, wherein:
the average probability vectors comprise estimated aver-
ages of one-hot encoded phones.
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